Improving the light use efficiency model for simulating terrestrial vegetation gross primary production by the inclusion of diffuse radiation across ecosystems in China 
Introduction
Terrestrial ecosystems play an increasingly important role in global carbon cycle under climate change (Nemani et al., 2003) . Gross primary production (GPP) is defined as the overall photosynthetically fixation of carbon per unit space and time (Monteith, 1972) , which also represents the critical flux component that drives the terrestrial ecosystem carbon cycle. Subtle fluctuations in GPP have substantial implications for future climate warming scenarios Raupach et al., 2008) . With the quantification of GPP and net ecosystem exchange (NEE) of terrestrial ecosystem for regions, continents, or the globe, we can gain insight into the feedbacks between the terrestrial biosphere and the atmosphere under global change and climate policymaking facilitation (Wu et al., 2010a; Xiao et al., 2008) . Ecological Complexity 23 (2015) [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] [12] [13] The eddy covariance (EC) technique provides the best way to measure NEE continuously that can be used for GPP calculation by subtracting the modeled ecosystem respiration components Wu et al., 2010a; Yu et al., 2006 Yu et al., , 2013 . Furthermore, the EC measurements only provide integrated CO 2 flux measurements over the tower footprint ranging from a hundred meters to several kilometers at the ecosystem level (Gockede et al., 2008; Osmond et al., 2004) . Satellite remote sensing can provide consistent observation of vegetation over large areas, and has been reported to be widely used for characterization of canopy structure and GPP estimation that can overcome the lack of extensive EC flux tower measurements (Running et al., 2000; Wu et al., 2010a) . Therefore, a number of modeling approaches have been developed for regional/global GPP estimations, including ecological process-based models and light use efficiency (LUE) models driven by remote sensing data . Among all the models, LUE models encompassing the LUE algorithm proposed by Monteith (1972) enjoy the popularity to identify the spatio-temporal dynamics of GPP due to the simplicity of concept and availability of remote sensing data (Ogutu and Dash, 2013) . Various LUE models have been developed for this purpose, including MOD17 model (Heinsch et al., 2003; Running et al., 2004) , Vegetation Photosynthesis Model (VPM) (Xiao et al., 2004) , EC-LUE model (Yuan et al., 2007) , Vegetation Index (VI) model (Wu et al., 2010b) , C-Fix model (Veroustraete et al., 2002) , Temperature and Greenness Rectangle (TGR) model (Yang et al., 2013) . Recent studies indicated that GPP and LUE were affected by both the quantity and composition of the incoming solar radiation (Farquhar and Roderick, 2003; Gu et al., 2003; He et al., 2013; Kanniah et al., 2010 Kanniah et al., , 2012 Kanniah et al., , 2013 Mercado et al., 2009; Turner et al., 2006b) . With a given value of total incoming radiation, LUE of entire canopy will increase with the increasing fraction of diffuse radiation that lead to an increment of the canopy fraction that is receiving illumination without photo-saturation (Mercado et al., 2009; Oliphant et al., 2011; Roderick et al., 2001; Sakowska et al., 2014) . Under cloudy or aerosol-laden skies, incoming radiation was more diffuse and more uniformly distributed in the canopy with a smaller fraction of the canopy that was light saturated Roderick et al., 2001) . Consequently, canopy photosynthesis was inclined to be more light-use efficient under diffuse sunlight than under direct sunlight conditions (Gu et al., 2002 (Gu et al., , 2003 He et al., 2013; Kanniah et al., 2013; Mercado et al., 2009; Misson et al., 2005; Oliphant et al., 2011; Urban et al., 2014) . Predictions showed that global secondary organic aerosols in the atmosphere will increase by 36% in 2100 (Heald et al., 2008) . The aerosol influenced the cloud formation, which was the main contributor to the increment on diffuse radiation fraction (DRF) in the atmosphere (Feddema et al., 2005; Kim et al., 2005; Schiermeier, 2006) . Furthermore, an increasing trend of annual diffuse radiation in China has been found to be 7.03 MJ m À2 yr
À1
per decade from 1981 to 2010 (Ren et al., 2013) . A two-leaf light use efficiency (TL-LUE) model was developed to address the effect of the sky condition and fraction of diffuse radiation on LUE modeling by stratifying the canopy into sunlit and shaded leaves . Based on the application of Farquhar's equations and assumption that a plant canopy functioned like a single big leaf (Farquhar et al., 1980) , many big-leaf models (e.g. BIOME-BGC, TURC, DNDC, EDCM, ISAM, ORCHIDEE) were developed to simulate the canopy photosynthesis and ecosystem productivity (Chen et al., 1999; Kimball et al., 1997; Krinner et al., 2005; Li et al., 2010; Liu et al., 2003; Ruimy et al., 1996; Schaefer et al., 2012; Yang et al., 2009) . However, few studies on ecosystem GPP predictions took into account effects of the DRF variations of the incoming radiation on LUE using a big leaf model based on the LUE concept. Previous studies have incorporated the diffuse radiation resulting from clouds and aerosols into the terrestrial plant productivity simulation by land surface process models (Kanniah et al., 2012) , including isotope-enabled land surface model (ISOLSM) (Still et al., 2009) , JULES land surface model (Alton et al., 2007; Mercado et al., 2009 ), CERES crop model (Greenwald et al., 2006) , and CSU unified land model (Matsui et al., 2008) . Moreover, with the great carbon sequestration potential of the terrestrial ecosystem of China in global carbon budget (Piao et al., 2009 ), large uncertainties still existed in terrestrial ecosystem LUE model for GPP simulations. In order to quantify the effect of components variation of incoming radiation, the cloud condition which can result in overcast skies or clear skies should be taken into account in GPP modeling. A cloudiness index derived from digital elevation model was used to indicate the fraction of diffuse radiation in the radiation absorbed by the vegetation photosynthesis. Here we employed flux measurements from 7 sites of ChinaFLUX, a cloudiness index-light use efficiency (CI-LUE) model of GPP based on the CFLUX model and MOD17 model (Running et al., 2004; Turner et al., 2006b) to predict the GPP with a simple data assimilation approach. The objectives of this study are to: (1) calibrate and evaluate CI-LUE model against EC flux measurements and other LUE models; (2) quantify the sensitivity of CI-LUE modeling performance to variation of diffuse radiation fraction; (3) test the hypothesis that inclusion of diffusion radiation could improve the light use efficiency model for GPP estimations.
Materials and methods

Eddy flux observations
Carbon flux data (GPP and NEE) observed continuously at 7 typical sites across China were applied to model calibration and validation in this study (Fig. 1) . The main information on location, vegetation and climate of those 7 sites are summarized in Table 1 .
The open-path eddy covariance (OPEC) system was used to measure carbon and water vapor fluxes at ChinaFLUX sites. The OPEC system consists of and open-path infrared gas analyzer (Model LI-7500, LICOR Inc., Lincoln, NE, USA) and a 3-D sonic anemometer (Model CSAT3, Campbell Scientific Inc., Logan, UT, USA). The signals of the instruments were recorded at 10 Hz by a CR5000 datalogger (Model CR5000, Campell Scientific Inc.) and then block-averaged over 30-min intervals for analyses and archiving Guan et al., 2006; Yu et al., 2008b) . The routine meteorological variables were measured simultaneously at 30-min intervals with dataloggers, including solar moisture, air temperature, rainfall, soil temperature, and soil moisture.
ChinaFLUX developed a series of proven methodologies for assessing the performance of observation system and flux data quality control including coordinate rotation, WPL correction, canopy storage calculation, nighttime flux correction, and gap filling and flux partitioning . Prior to conducting the scalar flux computation, three-dimensional rotation of the coordinate was applied to wind components to remove the effect of the instrument tilt or irregularity on airflow. The WPL correction was then applied to adjust the effect of air density caused by the transfer of heat and water vapor with the method described by Webb et al. (1980) . Storage flux was calculated and the abnormal values were eliminated. The nighttime CO 2 flux data under low atmospheric turbulence conditions were screened using site-specific threshold of friction velocity (u * ), which was identified with the method described by Reichstein et al. (2005) . The data gaps were filled with the nonlinear regression method suggested by Falge et al. (2001 
where the first term on right-hand side of Eq. (1) is the eddy flux for carbon dioxide, and the second term is the CO 2 storage below the height of EC tower observation (z r ); w represents the vertical wind velocity (ms À1 ), r c represents the CO 2 concentration (in mmol m À3 ) fluctuations, and primes are the deviations from the time-averaged mean. The overbar indicates a time-averaged mean.
Daily GPP data are partitioned from NEE data measured every 30-min using the eddy covariance technique, which was processed using the same method as Zhang et al. (2011) . GPP was calculated employing the following equation:
NEE was obtained directly from the eddy covariance measurement. Ecosystem respiration (Re) of the seven sites was estimated using the Lloyd-Taylor equation (1994) Lloyd and Taylor, 1994; Yu et al., 2008a) . The nighttime NEE data under turbulent conditions were used to establish Re-temperature response relationship Eq. (3):
where R ref represents the ecosystem respiration rate at reference temperature (T ref , 10 8C); E 0 is the parameter that determines the temperature sensitivity of ecosystem respiration, and T 0 is a constant and set as À46.02 8C; T is the air temperature or soil temperature (8C). Eq. (3) was also used to estimate daytime Re.
In order to match the MODIS GPP product, daily measured GPP data were transformed to an 8-day temporal resolution by calculating their arithmetic means. Meanwhile, the daily in situ meteorological measurements, including photosynthetically active radiation (PAR), air temperature (T a ), and vapor pressure deficit (VPD), are employed to drive the LUE model. (Table 1) .
MODIS data
We used MOD15A2 (LAI & fPAR) and MOD17A2 products (summation of 8-day GPP, GPP _MOD ) from MODIS observations at of each flux site in this study. MODIS ASCII subsets (Collection 5) for all products were obtained from the Oak Ridge National Laboratory's Distributed Active Center (DAAC) website (http:// daac.ornl.gov/MODIS/). The MODIS ASCII subsets encompass 7 km Â 7 km regions centered on the flux tower. For each variable, we extracted average values for the central 3 km Â 3 km within the 7 km Â 7 km cutouts to better represent the flux tower footprint, and determined the quality of the value of each pixel within the area using the quality assurance (QA) flags included in the product (Xiao et al., 2008) . The bad values of MODIS data were replaced by a simple linear interpolation approach (Zhao et al., 2005) .
CI-LUE model algorithm
We developed a cloudiness index light use efficiency (CI-LUE) model to estimate the GPP on the basis of the MODISphotosynthesis (MOD17) model algorithm (Running et al., 2000) . With maximum light use efficiency in the MOD17 model replacing by the base light use efficiency following the CFLUX model (Turner et al., 2006b) , GPP was calculated as:
where e base is the base light use efficiency (gC m À2 MJ À1 APAR), PAR is the incident photosynthetically active radiation (MJ m À2 d À1 ), fPAR is the fraction of PAR absorbed by vegetation canopies, APAR (PAR Â fPAR) is the absorbed PAR by vegetation canopy, f (T a ) is the air temperature (T a ) scalar, f (VPD) is the VPD scalar.
As illustrated in Eq. (4), GPP was estimated by the LUE approach which was first proposed by Monteith and Moss (1977) and widely applied for modeling GPP Landsberg and Waring, 1997; Prince and Goward, 1995; Veroustraete et al., 2002; Xiao et al., 2004; Yang et al., 2013; Yuan et al., 2007) . T a scalar and VPD scalar represent limitations of temperature and water on GPP, respectively, which are used to downscale the e base to the actual. A cloudiness index implemented in the CFLUX model was used in our model, since an increase on light use efficiency under overcast conditions at both hourly and daily time steps has been found in previous studies (Kanniah et al., 2013; Rossini et al., 2012; Sakowska et al., 2014; Turner et al., 2003 Turner et al., , 2006b ). The cloudiness index was calculated as (Turner et al., 2006b) :
where CI is the cloudiness index, #PAR is incident PAR (MJ m À2 ) from daily tower measurements, #PAR po is potential incident PAR as a derivation of the algorithm proposed by Fu and Rich (1999) . With the inputs of digital elevation model (DEM) and specified parameters, the daily potential incident PAR data were calculated as the global radiation or amount of incoming solar insolation (direct and diffuse) at each flux site.
The cloudiness index scalar and base light use efficiency (e base ) were calculated as (King et al., 2011; Turner et al., 2006b ):
where S CI is cloudiness index scalar varying from 0 on clear days to 1 on fully cloudy days, CI d is cloudiness index for the specific day, CI min is minimum CI, CI max is maximum CI, e max is maximum LUE, e cs is clear sky LUE. e max is an optimized parameter, and e cs is the value based on the flux tower observation (LUE = GPP/APAR) when PAR/PAR po approximates 1.0 (King et al., 2011; Turner et al., 2006b) . In this study, the exact value of e cs was determined when the absolute value of the difference between PAR/PAR po and 1.0 reached the minimal one. We used the VPD and T a scalar implemented in the MOD17 model (Running et al., 2000) :
where VPD max , VPD min , T min , T max are parameters dependent on vegetation types (Table 2 ). Further details of Eqs. (8) and (9) can be found in Running et al. (2000) . 
Model parameter optimization
We used the differential evolution (DE) algorithm (Price et al., 2005) to derive the parameters of CI-LUE in this study. Differential evolution did not require derivatives of the objective function. It was useful in situations in which the objective function is stochastic, noisy, or difficult to differentiate (Mullen et al., 2011) . DE algorithm was an evolutionary technique similar to classic genetic algorithms that was a powerful tool for solving the global optimization problem. One prevalent feature of DE is that it can obtain the global minimum of a sophisticated model fast and with high reliability (Xiao et al., 2011) . The algorithm is an evolutionary technique which at each generation transforms a set of parameters vectors, the members of which are more likely to minimize the objective function. The DEoptim package (Mullen et al., 2011) in the R statistically package was implemented in our analysis.
In our model, the calibrated parameter (e max ) was allowed to vary in a certain range in order to get the best estimation. The ranges of e max were set to 0-12 gC MJ À1 at forest sites (CBS, QYZ and DHS), 0-4 gC MJ À1 at cropland site (YC) and 0-2 gC MJ À1 at grassland sites (HB, NMG and DX) (Zhang et al., , 2008 .
Model validation and comparisons
The determination coefficient (R 2 ) and root mean square error (RMSE) were used to evaluate the model performance. In addition to validation against measured GPP, the capacity of the CI-LUE model to simulate GPP was compared with GPP simulated by MOD17 model driven by in situ meteorological measurements (GPP _17 ), MODIS GPP products (GPP _MOD ), the VPM algorithm (Xiao et al., 2004) , and the TEC model proposed by Yan et al. (2015) . The VPM model employed climate data, MODIS Land Surface Water Index (LSWI) and EVI to calculate 8-day GPP. The TEC GPP model integrated MODIS fPAR and climate measurements to simulate GPP at the monthly temporal scale, with the incorporation of a new water stress scalar defined as the ratio of actual evapotranspiration to potential evaporation derived from a precipitation-driven evapotranspiration model (Yan et al., 2012) .
Results
Parameter calibration
The calibrated e max of LUE model was shown in Table 3 . All the parameters converged within prior bounds for all sites, and exhibited an extensive variability across ecosystem types. For example, optimized e max varied substantially among different ecosystems. The optimized e max of mixed forest (CBS) was higher than those of the other sites, while those of grassland sites (NMG, HB and DX) were lowest among the three ecosystem types. The estimated value of E 0 came to the maximum in a subtropical plantation ecosystem (QYZ), and fell to the bottom at the HB grassland site. Meanwhile, the calibrated e max in our model differed considerably within the ecosystem type. For example, the e max of three forest ecosystems was 3.867 (CBS), 2.676 (QYZ) and 2.087 (DHS) gC MJ À1 , respectively. The e max at HB site was higher than the other two grassland sites (NMG and DX). This suggested more detailed parameterization scheme of e max was required in regional flux simulations with LUE models. Fig. 2 exhibited the comparison of daily tower-measured (GPP _obs ) with GPP simulated by CI-LUE model (GPP _simu ). On the whole, the GPP _simu showed similar seasonal dynamics with GPP _obs . Except that the seasonal variations at DHS site were quite small; both the simulated and observed GPP demonstrated distinguishable seasonality in three kinds of ecosystem. At two forest sites (CBS and QYZ), GPP values were low in spring and winter, while those were high in summer and autumn. In consequence of two rotations (winter wheat and summer maize), two peaks of GPP in May and August were observed at the YC site, respectively, in which growth peaks of winter wheat and summer maize were occurred.
Validation of daily GPP
Basically, the GPP _simu was in good consistency with GPP _obs in the validation years at each site. sites. This may be attributed to the large difference of soil water content between the calibration years and absence of soil water content scalar in the GPP simulation . to the corresponding value of GPP _MOD , the RMSE values of GPP _MOD were much higher than those of GPP _simu8d . In brief, the 8-day GPP calculated by our light use efficiency model (CI-LUE) performed much better than 8-day MODIS GPP product at most sites in China, which were comprised of forest, grassland and cropland ecosystems. The most important improvement achieved by the CI-LUE model was at the DHS site, and R 2 increased from 0.17 to 0.61 despite the value of RMSE which increased by 0.2 gC m À2 (8d) À1 . Followed by the YC site, the CI-LUE model outperformed MODIS GPP product, with the R 2 increased from 0.76 to 0.8 and RMSE decreased from 35.66 to 17.83 gC m À2 (8d) À1 . The comparison above indicated both the potential of improvement on MODIS GPP products and better capturing the seasonal dynamics of flux measurements through the implementation of CI-LUE model.
Comparisons of GPP derived from multiple models
Fig. 3 illustrated the seasonal variations of 8-day observed GPP (GPP _obs ), 8-day CI-LUE model simulated GPP (GPP _simu8d ) and MODIS GPP products (GPP
Additionally, simulation performance comparisons of 8-day VPM model GPP (GPP V ) and monthly TEC model GPP (GPP T ) with CI-LUE model (GPP _simu ) at correspondingly time scales were shown in Table 4 . In general, both the VPM model and TEC model And the VPM model performed better than those of CI-LUE model in predicting the seasonal dynamics of GPP at two grassland sites (NMG and DX). According to the previous studies, VPM model had explicitly demonstrated the great potential of simulating GPP of grassland ecosystems in China (Li et al., 2007; Liu et al., 2012; Wu et al., 2008a,b; Yan et al., 2009 ). Absence of soil moisture scalar in CI-LUE model may be responsible for the less accurate prediction at the grassland sites, which were water-driven ecosystems (Ogutu and Dash, 2013) . Therefore, constraint of soil water content on GPP are expected in the further model research. At the monthly time scale, both GPP _mon and GPP T were in good agreement with in situ flux measurements (Table 4 ). The R 2 values of GPP T against flux CI-LUE GPP simulations at the DHS site was also found in the comparison of GPP _simu8d with GPP _MOD above (Fig. 4c) . Overall, at 8-day time scale, the CI-LUE model had the best agreement with in situ GPP measurements at the mixed forest site (R 2 = 0.95, CBS) followed by the MODIS GPP products (R 2 = 0.94, CBS) and lastly VPM model (R 2 = 0.85, CBS). Instead, the VPM model outperformed in predicting GPP at the steppe site (NMG) and the meadow site (DX) followed by the CI-LUE model and lastly the MODIS GPP products, with an exception that CI-LUE model performed best at the shrub site (HB). For the cropland site (YC), the CI-LUE model performed better than MODIS GPP products as demonstrated by a higher R 2 value and a much lower RMSE value.
At the monthly time scale, the TEC model could capture the GPP seasonal dynamics at seven flux sites (Fig. 5) . Compared with observed GPP and CI-LUE simulated GPP, ecosystem GPP were overestimated by TEC model at two forest sites (QYZ and DHS) and two grassland sites (NMG and DX). And the TEC model underestimated ecosystem GPP at the steppe site (HB) and cropland site (YC). The CI-LUE model performed much better than those of TEC model in tracking the GPP dynamics at the seven sites.
Ecosystem light use efficiency enhanced by the diffuse radiation
Here the variation of mean LUE in different ranges of CI was used to illustrate how the terrestrial ecosystem carbon sequestration capacity varied with the fraction of diffuse radiation across different types of ecosystems. Fig. 6 showed the changes of daily canopy light use efficiency (LUE c = GPP/PAR) observed at towers in the growing seasons of one calibration year (May to September, 2003) . Apparently, the observed LUE c exhibited obviously increasing trends with the increasing cloudiness index at all sites. The increasing rates were greatest at forests site (CBS, 3.467 gC MJ À1 ), intermediate at cropland site (YC, 2.744 gC MJ À1 ), and lowest at grassland site (NMG, 0.223 gC MJ À1 ). Those were consistent with the expectation that canopy LUE could be enhanced by the diffuse components of solar radiation compared to direct radiation Fig. 5 . Seasonal dynamics of monthly GPP _obs , monthly GPP _T and monthly GPP _mon at multi-sites in the validation years. (GPP _mon was the monthly GPP calculated with the CI-LUE model. GPP _T was the monthly GPP simulated by the TEC model).
Table 4
Statistics for the comparisons of 8-day GPP _simu8d , monthly GPP calculated by our CI-LUE model (GPP _mon ), GPP calculated by VPM model (GPP V ) and GPP calculated by TEC model (GPP T ) with the tower-measured GPP (GPP _obs ) of seven typical sites at correspondingly time scale in the validation years. (Farquhar and Roderick, 2003; Gu et al., 2002 Gu et al., , 2003 . In addition, differences in canopy structure density across different ecosystem types were reported to contribute to the increasing rate sensitivity of LUE to fraction of diffuse radiation (Kanniah et al., 2012; Zhang et al., 2011) , due to its effective penetration to the lower depths of canopy (Ren et al., 2013; Urban et al., 2007) . For the forest sites, significantly increasing rates of LUE existed among different forest sites, which showed obviously decreasing trends with decreasing latitudes (Huang et al., 2014) . The growing season length of temperate mixed forest in Changbai Mountain (CBS) was much less than those of two subtropical forest sites (QYZ and DHS), thus a higher LUE can compensate for the ecosystem carbon sink capacity . Also, the higher sensitivity of LUE increasing rate to diffuse radiation might be ascribed to the fact that the average annual diffuse radiation of China in the last three decades was lower in the north and higher in the south (Ren et al., 2013) . At the grassland sites, the increasing rate of LUE enhanced by diffuse radiation (0.223 gC MJ À1 ) was much less than the other two grassland sites (HB and DX). That was partly because the penetration of solar radiation through the canopy of the semiarid steppe at NMG could be greater than those at other two grassland sites (HB and DX), and the leaf area index (LAI) of those two grassland sites was higher than what at NMG site (Zhang et al., 2011) . At the cropland site (YC), the correlation relationship between CI and LUE of growing season was less significant than those in forest sites and grassland sites, which was partly due to the field managements (Li et al., 2006) .
Discussion
Capacity to simulate GPP under cloudy days
The comparisons of GPP estimated using CI-LUE model (GPP _simu8d ) and MOD17 model (GPP _17 ) driven by in situ tower-measured meteorological data showed that the CI-LUE model greatly improved the GPP modeling performance under cloudy days (Table 5 ). In order to investigate the degree, at which the GPP simulation accuracy change with the fraction of diffuse radiation (CI), absolute differences between simulated and observed GPP were binned according to cloudiness index for the validation years (Fig. 7) . When CI was above 0.6, the CI-LUE model greatly alleviated the sensitivity of estimated GPP to cloudy conditions, which was indicated by the less underestimation of GPP subject to the more diffuse radiation and enhanced LUE. It has been proved that LUE of the entire canopy could keep in consistency with the increase in the fraction of diffuse radiation, which led to an increase in the illumination free from photosaturation received by the canopy (Mercado et al., 2009; Oliphant et al., 2011; Zhang et al., 2011) . Under cloudy skies (higher CI values), the sunlit leaves often resulted in low LUE induced by light saturated, while the shaded leaves with high LUE were subject to low exposure to the incoming radiation. Under cloudy skies, despite lower total solar radiation and direct radiation received by the canopy, higher portion of diffuse radiation produced a more uniform distributed irradiance of the canopy and resulted in a smaller fraction of canopy light saturated Mercado et al., 2009; Zhang et al., 2011) . Therefore, the photosynthesis and Table 5 Statistics for the comparisons of 8-day GPP calculated with CI-LUE model (GPP _simu8d ) and 8-day GPP calculated using MOD17 model (GPP _17 ) driven by in situ tower-measured meteorological data with the tower-measured GPP at the 7 study sites in the validation years. Fig. 7 . Dependence of the average absolute errors of GPP estimated using calibrated parameters with cloudiness index (CI) at the 7 study sites in the validation years (DGPP _simu = GPP _obs À GPP _simu8d , DGPP _17 = GPP _obs À GPP _17 , positive values mean the underestimation of GPP by models, vice versa).
LUE of the canopy in cloudy skies were significantly enhanced than those in clear skies (Farquhar and Roderick, 2003; Gu et al., 2002; Mercado et al., 2009; Yuan et al., 2014) . Meanwhile, it was noted that the absolute values of DGPP _simu were more than those of DGPP _17 at some sites when the values of CI were small. For instance, at CBS site, the percentages of days in the first bin (0.4 < CI < 0.5) were 12.1%. 14.8 percentages of CI were less than 0.5 at QYZ site, while 17.8 percentages of CI were less than 0.6 at DHS site. That was verified by the sensitivity of LUE increasing rate to CI in 3 forest sites (Fig. 6 ). For three grassland sites and one cropland site, the GPP calculated using CI-LUE model were generally of smaller underestimation than the MOD17 model. Overall, the GPP underestimations were significantly reduced with the CI-LUE model when more diffuse radiation was received by the vegetation canopy (Table 5 ).
Application of the CI-LUE model at regional scale
The CI-LUE model can potentially be used in regional GPP estimation. Despite the study that effect of cloudiness change on ecosystem LUE and water use efficiency was detected by the clearness index (Zhang et al., 2011) , it was difficult to incorporate the clearness index into LUE model for regional GPP estimates due to the specification of the highest interval of solar elevation angle in each grid. In our CI-LUE model, the model parameter (CI) was the key factor to regulate the enhancement on ecosystem LUE by diffuse radiation under cloudy days. With the simple inputs of regional digital elevation model (DEM) data and readily available parameters, the #PAR po can be calculated as the global solar radiation at daily time scale in each grid. Using the regional CI, meteorological measurements and MODIS fPAR data, ecosystem GPP was reproduced regionally.
Uncertainty
The averaged R 2 of daily GPP simulation derived from CI-LUE model in the validation years across the 7 sites were 0.75. The best performance of CI-LUE model occurred in mixed forest ecosystem (at CBS site) was partly because that the canopy coverage of forest canopy was denser than other ecosystem types, LUE was sensitive to the fraction variation of diffuse radiation in incoming solar radiation reflected by difference in the transfer of direct and diffuse light beams within the canopy . Nevertheless, the CI-LUE GPP prediction was less correlated with flux measurements at other forest sites (QYZ and DHS) in comparison with simulated GPP by CI-LUE model at CBS site. This could result from the capacity of MODIS fPAR products to capture the seasonality variation of vegetation greenness and photosynthesis (Ogutu and Dash, 2013) . Obviously, it was reported that MODIS fPAR products were less sensitive to the shifts of vegetation growth in evergreen forests in contrast with deciduous forest (Ogutu and Dash, 2013) . It has been proved that VPD did not track the impact of soil moisture on productivity adequately (Coops et al., 2007; Kanniah et al., 2009; Leuning et al., 2005) . Instead, a water stress factor encompassing land surface water index was employed in the VPM model, which led to its better performance than other LUE models at grassland sites driven by water. For cropland sites, evidences showed MODIS GPP products (GPP _MOD ) tended to underestimate GPP of highly productive sites such as cropland ecosystems (Chen et al., 2011; Turner et al., 2006a) . This was in consistency with the GPP predictions of CI-LUE model as well as MOD17 model, of which MODIS GPP products highly underestimated the flux measurements (slope = 0.341). The GPP underestimation at YC site in our study was mainly due to the low prescribed maximum LUE term, and possible mean LUE for this ecosystem can reach 2.80 gC MJ À1 (Chen et al., 2011; Garbulsky et al., 2010) .
Conclusion
The CI-LUE model was developed in this study to predict the GPP at 7 typical ecosystem sites, based on the CFLUX model and MOD17 model. A cloudiness index to bring up the e max under overcast condition was employed in the CI-LUE model. Results indicated that (1) the CI-LUE model captured the seasonal dynamics of daily GPP well with the R 2 values ranging from 0.58 to 0.95; (2) estimated parameter values of maximum LUE (e max ) varied substantially across ecosystem types as well as within ecosystem type; (3) significant increase of canopy LUE with the increase in fraction of diffuse radiation and great alleviation of GPP underestimation under cloudy skies using CI-LUE model were found at all the seven sites; (4) the CI-LUE model outperformed MOD17 model and TEC model in GPP prediction, especially at two subtropical evergreen forest sites in southern China (QYZ and DHS), while the VPM model prediction was in better agreement with observed GPP than that of CI-LUE model at two grassland sites (NMG and DX).
Further improvements on the CI-LUE model are still needed, due to the absence of soil moisture scalar from the GPP prediction and difficulty in estimation for the shifts of soil carbon storage. As soil moisture and VPD directly affect photosynthesis, more GPP models explicitly consider the effect of soil moisture as well as temperature. The effect of water stress on ecosystem photosynthesis may be the most uncertain factor in current LUE GPP models (Yan et al., 2015) . Also, model validation needs flux measurements from more sites encompassing various ecosystem types to test the applicability and accuracy, which can lay foundation for the carbon flux upscaling.
